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define	 analysis	 scales	 (predictor	 grain,	 response	 grain,	 scale-of-effect);	 (b)	 use	 a	
moving	window	to	calculate	a	measure	of	variability	in	environment	(predictor	grain)	
at	the	process-relevant	scale	(scale-of-effect);	and	(c)	aggregate	the	moving	window	















ecological	 applications	 include	 being	 able	 to	 estimate	 the	 interactive	 effect	 of	
drivers	 that	 vary	 at	 different	 scales	 (such	 as	 climate	 and	 land	 cover),	 and	 to	
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1  | INTRODUC TION













there	 is	 increasing	 recognition	 that	 environmental	 heterogene-
ity—the	 complexity,	 diversity	 and	 structure	 in	 the	environment—is	
a	 near-	universal	 driver	 of	 ecological	 processes	 (Stein,	 Gerstner,	 &	
Kreft,	 2014).	 Disregarding	 environmental	 heterogeneity	 adversely	
affects	predictions	of	climate	change	effects	on	biodiversity	(Luoto	
&	Heikkinen,	 2008).	 Therefore,	 broadscale	modelling	 needs	 to	 in-
clude	 relative,	additive	and	 interactive	effects	of	climate,	 land	use	
and	environmental	heterogeneity	on	ecological	processes.
Integrating	climate	and	environmental	heterogeneity	into	eco-
logical	 modelling	 is	 complicated	 by	 the	 fact	 that	 the	 spatial	 res-










bird	atlases)	 are	 typically	only	 reliable	at	 resolutions	of	10	km	or	
coarser.
As	a	result,	predictor	variables	that	exert	their	effects	on	biodi-




















of	 spatial	 features	 (Kitron	 et	al.,	 2006;	 Turner,	O'Neill,	Gardner,	&	
Milne,	1989;	Wiens,	1989)	and	means	that	within-	grain	variation	for	
processes	that	vary,	or	exert	 their	effects,	over	a	 fine	scale	 is	 lost	
(Field	et	al.,	2009).	More	generally,	 aggregation	of	data	 into	 larger	
spatial	units	can	change	the	observed	strength	and/or	direction	of	







An	 additional	 challenge	 to	 understanding	 the	 effects	 of	 envi-
ronmental	heterogeneity	on	biodiversity	 is	 that	 the	scale	at	which	
a	 species	 responds	 to	 the	 environment	 varies	 between	 species,	
and	 if	 species–environment	 relationships	are	modelled	at	 inappro-
priate	 scales,	we	 can	draw	 incorrect	 inferences	 from	our	 analyses	





have	a	priori	understanding	of	 these	 scales,	 and	many	predictions	
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egorical	 representations	 of	 the	 landscape	 (i.e.	 land	 cover	 classes).	
Their	utility	 is	 evaluated	by	 their	 ability	 to	 recover	 fine-	resolution	
landscape	 pattern	 metrics	 at	 coarser	 resolutions.	 While	 stan-
dardised	data	 aggregation	 approaches	 are	 ideal	 for	 studying	 land-






appropriate	 to	 the	 ecological	 process	 under	 study	 (sensu	 Wiens,	
1989),	 before	 aggregating	 to	 the	 coarser	 scale,	 we	 obtain	 critical	
additional	 information	 on	 environmental	 heterogeneity	 (within-	
unit	variation)	over	simply	calculating	variation	at	the	coarser	scale.	
Our	approach	has	important	implications	as	it	enables—for	the	first	










We	 first	 comprehensively	 test	 our	 data	 aggregation	 method	
using	simulations	to	understand	(a)	the	situations	in	which	our	data	






insights.	We	 then	 test	 our	 approach	 empirically	 with	 an	 example	
of	 when	 environmental	 heterogeneity	 may	 influence	 an	 ecologi-







culating	 coarse-	grain	 measures	 at	 the	 landscape	 scale.	 Moreover,	
our	approach	enables	us	to	empirically	 identify	the	scale-	of-	effect	
of	heterogeneity	of	forest	type	on	G. glandarius	abundance;	and	2)	
assess	 the	 interactive	and	additive	effects	of	heterogeneity	at	 the	






2  | MATERIAL S AND METHODS
2.1 | Aggregating environmental heterogeneity at 
organism- relevant scales















First,	 we	 define	 the	 scales	 of	 analysis:	 the	 scale-	of-	effect,	 re-
sponse	 grain	 and	 predictor	 grain	 (Figure	1,	 panel	 1).	 The	 scale-of-
effect	 is	 the	 characteristic	 spatial	 scale	 at	 which	 an	 organism	 (or	
ecological	process)	responds	to	their	environmental	context.	We	can	
find	 such	 scales-	of-	effect	 by	 fitting	models	 at	multiple	 scales	 and	
selecting	the	best	fitting	using	information	criterion	such	as	Akaike's	
information	 criterion	 (AIC).	 The	 scale-	of-	effect	 of	 environmental	
heterogeneity	on	the	ecological	process	determines	the	size	of	the	
moving	window	in	our	method.	In	our	study,	we	define	the	size	of	the	
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the	variable	 and	 not	 its	 central	 tendency.	 For	 continuous	variables,	
such	as	elevation	or	microclimate,	 simple	dispersion	measures	 such	
as	variance,	standard	deviation	and	range	can	be	used,	as	can	more	





should	correspond	to	 the	 thematic	 resolution	at	which	variability	 in	
the	environmental	variable	of	interest	is	captured	(predictor grain),	but	














2.2 | Aggregating environmental heterogeneity in 
simulated landscapes
2.2.1 | Simulated data
In	 order	 to	 identify	 the	 situations	 under	 which	 our	 MWDA	 ap-







resolution	 (10	km	×	10	km).	 For	 each	 response	grain	 cell,	we	 simu-
lated	 landscapes	 at	 the	 predictor	 grain	 resolution	 (25	m	×	25	m)	
using	the	fractal	Brownian	motion	method	(Travis	&	Dytham,	2004).	
Using	this	method,	the	spatial	autocorrelation	of	a	landscape	is	con-
trolled	 by	 the	 fractal	 dimension	 parameter	where	 a	 value	 close	 to	
zero	generates	an	uncorrelated	(i.e.	random	and	highly	fragmented)	
surface,	and	a	value	of	one	a	highly	autocorrelated	 (i.e.	aggregated	

















spatial	 autocorrelation	 (fractal	 dimension	=	0.1	 for	 all	 response	
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dimension	 in	 the	 range	0.1–0.5);	 (c)	varied	spatial	autocorrelation	
(fractal	 dimension	 in	 the	 range	0.1–1);	 (d)	 high,	 varied	 spatial	 au-








on	 the	 opposite	 edge.	We	 calculated	 variance	 for	 the	 continuous	
landscapes	 and	 Shannon	 evenness	 for	 the	 categorical	 landscapes.	
We	calculated	Shannon	evenness	using
pi	is	the	proportion	of	land	cover	class	 i and S	is	the	total	number	of	
land	 cover	 classes	 (McGarigal	 &	 Marks,	 1994;	 Pielou,	 1969).	 In	 all	
cases,	we	aggregated	 the	moving	window	measure	 to	 the	 response	




2.2.2 | Correlation between MWDA and 
DDA approaches
In	order	to	understand	the	kinds	of	landscapes	where	using	our	data	
aggregation	 approach	 provides	 different	 information	 to	 standard	
approaches,	we	 calculated	 the	 Spearman	 correlation	 between	 the	
MWDA	and	DDA	measures	for	each	spatial	autocorrelation	scenario	
and	neighbourhood	size.
2.2.3 | Identifying the scale- of- effect




We	calculated	this	response	variable	as	yw	=	MWDAw + ɛ	where	yw 
is	 the	 response	 variable	 and	MWDAw	 is	 the	MWDA	measure	 for	
neighbourhood	size	w and ɛ ∼ N(0,	σ).	We	use	three	levels	of	σ:	low,	 
moderate	and	high.	Low	σ	 represents	data	with	minimal	noise	and	
was	calculated	as	the	first	percentile	of	the	MWDA	measure	within	






as	 the	 covariate	 and	use	AIC	 to	 select	 the	best-	fitting	model.	We	
then	calculate	the	%	of	replicates	in	which	the	model	containing	the	
correct	MWDAw,	and	thus	scale-	of-	effect,	was	selected.






tion.	 For	 this	 citizen	 science	project,	 volunteers	 undertook	 two	













mean	annual	 temperature	 (bio1)	 from	WorldClim	 (Hijmans,	Cameron,	



















2011).	We	 included	Shannon,	 forest	%,	urban	%,	 temperature	and	
the	 interaction	of	 temperature	with	Shannon	as	covariates.	We	fit	
this	model	for	each	of	the	six	MWDA	measure	and	the	DDA	Shannon	
measure.	 In	 order	 to	 identify	 the	 appropriate	 scale-	of-	effect,	 we	
used	AIC	and	BIC	to	find	the	best-	fitting	model.









772  |    Methods in Ecology and Evoluon GRAHAM et Al.
3  | RESULTS
3.1 | Aggregating environmental heterogeneity in 
simulated landscapes
3.1.1 | Correlation between MWDA and 
DDA approaches
Correlation	 between	 MWDA	 and	 DDA	 measures	 was	 lowest	 for	
smaller	 neighbourhood	 sizes	 and	 in	 varied	 spatial	 autocorrelation	
scenarios	 (Figure	3a).	The	pattern	was	 similar	between	categorical	
and	continuous	variables.	For	the	continuous	variable,	there	was	a	
weak	negative	 correlation	between	MWDA	and	DDA	 for	 the	 var-
ied,	 and	 low,	 varied	 spatial	 autocorrelation	 scenarios	 at	 the	 small-
est	 neighbourhood	 size.	 The	 reason	 for	 this	 is	 that	 high	 values	 of	
spatial	autocorrelation	result	in	low	MWDA	and	high	DDA,	whereas	
the	 opposite	 is	 the	 case	 for	 low	 values	 of	 spatial	 autocorrelation	
(Appendix	SI,	Figure	AI.2).
3.1.2 | Identifying the scale- of- effect
In	most	 spatial	 autocorrelation	 scenarios,	 neighbourhood	 sizes	 and	












To	 set	 the	 noise	 levels	 in	 the	 context	 of	 an	 empirical	 analysis,	






3.2 | Case study: Garrulus glandarius abundance





























step	 approach	 to	evaluate	 the	effects	of	 fine-	scale	 environmental	
F IGURE  3 Spearman's	ρ between	the	moving	window	(MWDA)	and	direct	(DDA)	data	aggregation	measures	for	each	spatial	
autocorrelation	scenario	and	neighbourhood	size	(a).	Percentage	of	replicates	where	the	correct	scale-	of-	effect	was	identified	for	each	
spatial	autocorrelation	scenario	and	neighbourhood	size	(b)


























relation	 between	 the	MWDA	 and	DDA	measures	 in	most	 scenar-
ios	for	smaller	neighbourhood	sizes	shows	that	our	method	retains	
more	 information	 about	 spatial	 structure	 than	 direct	 approaches.	
This	is	key	information	if	we	are	to	understand	mechanism	in	ecol-
ogy	 (Wiens,	 1989)	 as	 it	means	 that	 the	MWDA	measures	 capture	
environmental	 heterogeneity	 at	 the	 scale	 at	 which	 the	 ecological	
process	responds	to	it.	Additionally,	we	showed	that	measures	cal-
culated	using	our	approach	are	most	correlated	with	and	least	able	
to	 detect	 the	 correct	 scale-	of-	effect	when	 no	 cells	 display	 spatial	
autocorrelation.	 It	 is	unlikely	 that	 this	would	occur	 in	 reality	given	
most	landscapes	display	some	level	of	within-	unit	heterogeneity	at	










In	 order	 to	 make	 accurate	 inferences	 (Scheiner	 et	al.,	 2000)	
and	thus	gain	a	greater	mechanistic	understanding	of	the	effect	of	
environmental	 drivers	 (Wiens,	1989),	 it	 is	 key	 that	we	understand	
the	appropriate	scale	at	which	to	model	processes.	While	classical	
multi-	scale	landscape	ecology	analyses	may	be	employed	when	the	











A	 key	benefit	 of	 being	 able	 to	 include	 information	 about	 fine-	
scale	environmental	heterogeneity	in	a	coarse-	scale	model	is	that	we	
can	evaluate	the	interactive	effects	of	climate	and	land	cover,	which	
is	 considered	 a	 difficult	 problem	 and	 open	 research	 area	 (Bellard	




ger.	This	means	 that	management	 for	 forest	diversity	will	 become	
more	important	under	global	climate	change,	reflecting	theoretical	
and	expert-	based	expectation	(Heller	&	Zavaleta,	2009).






































topographic	position	 index	and	 terrain	 ruggedness	 index	have	been	












in	 landscape-	scale	analyses	using	 response	data	available	at	 a	point	
or	 patch	 scale	 (e.g.	 Bellamy,	 Scott,	 &	 Altringham,	 2013;	 Osborne,	
Alonso,	&	Bryant,	2001;	Wilson,	O'Connell,	Brown,	Guinan,	&	Grehan,	
2007).	Our	MWDA	approach	moves	the	logic	from	these	two	separate	
F IGURE  4 Partial	effect	plots	for	Garrulus glandarius	relative	abundance.	Interaction	plots	are	shown	for	MW	Shannon	and	temperature;	
estimates	are	provided	for	±1	SD	of	the	moderating	variable
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literatures	 forward	 and	 provides	 a	method	 for	 integrating	 data	 that	
vary	at	different	scales	in	a	broad-	extent	analysis.	At	present,	running	
our	MWDA	method	at	very	fine	grains	across	global	extents	is	difficult	





























Combining	data	at	 incompatible	spatial	and	 temporal	 scales	 is	a	chal-
lenge	within	many	fields	including	geography,	sociology,	earth	and	en-
vironmental	sciences,	agriculture	and	geology	(Gotway	&	Young,	2002).	
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